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Abstract
To address the issues of large training sample requirements, high computational
complexity, and slow recognition speed in current face verification algorithms,
a fast face verification method based on Gaussian processes in small-sample
spaces is proposed. First, the conjugate gradient descent method is employed
to learn the gradient directions of feature positions in key facial regions from
training samples, thereby enabling feature localization for faces to be verified.
Then, adaptive-scale local binary patterns are utilized to extract features, re-
ducing feature dimensionality. Finally, the spectral mixture kernel function is
adopted as the kernel function of the Gaussian process to classify the input
facial features. Experiments conducted on the LFW, FERET, and Multi-PIE
face databases demonstrate that the use of adaptive-scale local binary patterns
effectively reduces feature dimensionality, and the combination of the Gaus-
sian process model with the spectral mixture kernel can substantially decrease
training samples while significantly improving both training and testing speeds.

Full Text
Fast Face Verification Based on Gaussian Processes
Zhou Siyang, Cao Lin†
Department of Communication Engineering, Beijing Information Science &
Technology University, Beijing 100101, China

Abstract

To address the issues of large training sample requirements, high computational
complexity, and slow recognition speed in current face verification algorithms,
this paper proposes a fast face verification method based on Gaussian processes
in small-sample spaces. First, the conjugate gradient descent method is used to
learn the gradient directions of facial keypoint locations from training samples,
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enabling feature localization for faces to be verified. Then, an adaptive multi-
scale local binary pattern is employed for feature extraction to reduce feature
dimensionality. Finally, a spectral mixture kernel function is adopted as the
kernel of the Gaussian process to classify the input facial features. Experiments
conducted on the LFW, FERET, and Multi-PIE face databases demonstrate
that the adaptive multi-scale local binary pattern effectively reduces feature
dimensions, while the combination of Gaussian process models with spectral
mixture kernels significantly decreases training sample requirements and sub-
stantially improves both training and testing speeds.

Keywords: face verification; adaptive multi-scale local binary pattern; Gaus-
sian process; spectral mixture kernel

0 Introduction
Face verification represents an important branch of face recognition with sig-
nificant application value in surveillance, access control, image retrieval, auto-
matic login, and automatic payment systems, making it a persistent research
focus in computer vision for decades [1-3]. Despite its challenging nature, re-
cent advances in deep learning and its application to face recognition [4-6] have
improved verification accuracy. However, deep learning-based face verification
requires training samples numbering in the hundreds of millions, demands exten-
sive training time and high-performance hardware, and exhibits strong frame-
work dependencies that hinder portability. Consequently, training face models
in small-sample spaces remains a critical research area. Inspired by the cross-
angle face recognition method proposed in literature [7] that achieved promising
results, this paper introduces a fast face recognition approach based on Gaussian
processes.

Feature extraction constitutes a crucial step in face verification. Traditional
methods employ scanning windows that produce excessively high-dimensional
features, leading to prohibitive computational costs. Considering the non-
uniform distribution of facial information—where facial features contain richer
information than other regions, with eyes containing the most information—this
paper proposes an adaptive multi-scale feature extraction method (AMLBP).
Experimental results demonstrate that this approach significantly reduces
feature dimensions.

The classification model represents another key component in face verification,
determining whether two input features belong to the same subject. While
existing classification models [8-10] perform well on relatively simple face data
distributions, their effectiveness diminishes substantially when dealing with com-
plex distributions. This paper utilizes Gaussian processes as the classification
model. As a non-parametric machine learning method, Gaussian processes can
flexibly adapt to complex data distributions in real-world environments with-
out requiring heuristic methods or manual parameter tuning. Their closed-form
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marginal probability calculations enhance computational efficiency, and their
hyperparameters can be learned automatically from training data without cross-
validation for model selection, thereby reducing computational overhead.

In Gaussian process theory, the kernel function plays a decisive role in the model,
with training samples used to train this kernel. Most existing literature employs
traditional radial basis kernel functions [11], resulting in high computational
costs and poor scalability. To address this, this paper replaces the conventional
Gaussian process kernel with a spectral mixture kernel. Formed by modeling
the kernel’s spectral density as a Gaussian mixture of scale locations, this kernel
exhibits stronger extrapolation capabilities compared to radial basis kernels and
can adapt to more complex data distributions.

Targeting the main challenges in current face verification, this paper intro-
duces innovations and improvements in both feature extraction and classification
stages, significantly reducing required training samples while enhancing train-
ing and testing speeds. Testing on the LFW database using the trained model
achieved an accuracy of 98.7%.

1 Feature Extraction
Facial feature extraction must satisfy two fundamental requirements: first, iden-
tifying optimal features that maximize inter-person discrimination, and second,
minimizing feature dimensionality to improve training and testing speeds. Main-
stream algorithms include SIFT, LBP, HOG, and Gabor. While theoretically
higher-dimensional features yield greater accuracy, literature [12] indicates that
multi-scale feature extraction can improve algorithmic accuracy but significantly
increases computational overhead, hindering practical implementation. This pa-
per proposes an adaptive multi-scale feature extraction method that effectively
reduces feature dimensions.

1.1 Feature Localization

Feature localization, the first step in feature extraction, specifies where features
should be extracted. This paper employs a labeled face database [13] as training
samples to learn the gradient directions at various landmark positions, which
then determine feature extraction locations.

1.1.1 Principle Analysis Given an image 𝐼 with 𝑛 pixels containing 𝑚
manual landmarks (Figure 1(a)), let 𝜙 denote a feature extractor (specifically
AMLBP in this work). During training, faces with landmarks from the database
are used as training samples, denoted as {𝑥𝑖}. When a face is detected, an ini-
tial landmark ̄𝑥0, called the mean landmark (Figure 1(b)), is provided. Feature
localization is achieved by minimizing Equation (1):

𝑓(𝑥) = 𝜙(𝐼, 𝑥)
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where 𝑥 represents the landmark location. The training process starts from ̄𝑥0
and converges to 𝑥∗. To apply gradient-based methods, Equation (1) is Taylor-
expanded around ̄𝑥0:

𝑓( ̄𝑥0 + Δ𝑥) ≈ 𝑓( ̄𝑥0) + 𝐽𝑓( ̄𝑥0)Δ𝑥 + 1
2Δ𝑥𝑇 𝐻𝑓( ̄𝑥0)Δ𝑥

where 𝐽𝑓( ̄𝑥0) and 𝐻𝑓( ̄𝑥0) are the Jacobian and Hessian matrices, respectively.
Taking the partial derivative of Equation (2) with respect to Δ𝑥 and setting it
to zero yields the first update step for Δ𝑥:

Δ𝑥1 = −𝐻−1𝐽𝑇 = −2𝐻−1𝑅𝑇 (𝜙( ̄𝑥0) − 𝜙(𝑥∗))

In the first gradient iteration, this is treated as Δ𝑥1 = −2𝐻−1𝑅𝑇 ℎ, where
ℎ = 𝜙( ̄𝑥0) − 𝜙(𝑥∗) and 𝑅 = 𝐽𝑓( ̄𝑥0). To avoid computing the Hessian and
Jacobian matrices, ℎ is treated as the gradient direction. By learning a linear
regression between Δ𝑥 and ℎ, 𝑅 can be obtained directly, simplifying Equation
(3) to:

Δ𝑥1 = 𝑅1ℎ + 𝑏1

where 𝑏1 is a bias term. For a specific image, Newton’s method is applied along
the gradient direction to determine new iterations using the previously learned
𝑅 and 𝑏.

1.1.2 Learning Gradient Directions This section describes how to learn
𝑅 and 𝑏 from training data. Let the 𝑖-th face image be {𝐼𝑖} with corresponding
landmarks {𝑥∗

𝑖}. At each update step, Equation (6) uses the previously learned
𝑅𝑘−1 and 𝑏𝑘−1 to generate a new data pair {𝑥𝑘−1, Δ𝑥𝑘}. The parameters 𝑅𝑘
and 𝑏𝑘 are learned by minimizing:

arg min
𝑅𝑘,𝑏𝑘

∑
𝑖

||Δ𝑥𝑖𝑘 − 𝑅𝑘ℎ𝑖(𝑥𝑖𝑘) − 𝑏𝑘||2

This unconstrained optimization problem is effectively solved using the conju-
gate gradient method, which requires only first-order derivative information for
rapid convergence. Applying conjugate gradient descent to minimize the objec-
tive function (Equation (7)) yields the gradient directions for feature locations.
When a face is detected, landmarks can be localized based on these gradient
directions, with localization results shown in Figure 2.
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1.2 Adaptive Scale Feature Extraction

Considering that different facial regions contain varying amounts of informa-
tion—for instance, eyes contain the most sensitive and discriminative features
for face recognition—the feature extraction scale should be largest in such re-
gions. Conversely, cheeks contribute less to face recognition and should use
smaller extraction scales, thereby reducing feature dimensions without infor-
mation loss. Accordingly, this paper proposes an adaptive multi-scale feature
extraction method that adjusts extraction scales based on feature sensitivity.

To obtain facial feature sensitivity, this paper maps face features trained by
Adaboost [12] to those acquired in Section 1.1, then determines extraction scales
based on each weak classifier’s error rate (treated as sensitivity). Experimental
results (Figure 3) indicate that a feature extraction scale of 4 achieves optimal
classification performance. Therefore, the maximum feature extraction scale
is set to 4, and features are categorized into four classes {𝑘1, 𝑘2, 𝑘3, 𝑘4}. The
Adaboost algorithm trained 200 facial features, sorted by error rate from low
to high. Features obtained in Section 1.2 are classified into four categories
using Euclidean distance: for each feature to be classified, the nearest Adaboost
feature’s category is assigned. Equations (8) and (9) detail the extraction
method, where 𝑝(⋅) denotes feature location, 𝐷(⋅) represents Euclidean distance,
𝐾(⋅) is the scale corresponding to 𝑝(⋅), 𝑥𝑡ℎ is the feature location obtained via
the method in Section 2.1, and 𝑥𝐴𝑑 is the Adaboost feature location.

Multi-scale features are extracted using a Gaussian pyramid:

𝐿(𝑥, 𝑦, 𝜎) = 𝐺(𝑥, 𝑦, 𝜎) ∗ 𝐼(𝑥, 𝑦)

where 𝐺(𝑥, 𝑦, 𝜎) = 1
2𝜋𝜎2 𝑒−(𝑥2+𝑦2)/2𝜎2 and 𝜎𝑖 = 𝑠𝑖 ⋅ 2𝑘/2 for 𝑖 = 1, 2, 3, 4 and

𝑘 = 0, 1, 2, .... The Gaussian scale space 𝐿(𝑥, 𝑦, 𝜎) enables multi-scale feature
extraction, as shown in Figure 4. LBP features are then extracted from each
feature’s Gaussian scale space to obtain adaptive multi-scale features.

Figure 5 compares classification performance using adaptive scales versus single
scales. Analysis reveals that while accuracy increases with feature extraction
scale, so does dimensionality and computational cost. However, adaptive scale
classification achieves accuracy comparable to 𝑘 = 5 while using an average scale
of 2.6, significantly reducing feature dimensions. The adaptive scale mapping is
shown in Table 1, where feature indices correspond to those in Figure 6.

2 Gaussian Process Model
Most current face verification classification models are parametric [14-15], re-
quiring pre-defined parameters that directly affect classification performance.
Different face data distributions necessitate different parameter settings, result-
ing in poor performance when trained models are applied to natural scenes
[16]. Gaussian processes, as non-parametric stochastic processes, can adapt to
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complex data distributions in real-world scenarios without heuristic methods or
manual parameter tuning. As a Bayesian kernel method, Gaussian processes of-
fer efficient closed-form marginal probability calculations, overcome overfitting,
and exhibit strong robustness. Moreover, hyperparameters are learned auto-
matically from training data. Leveraging these advantages, this paper adopts
Gaussian processes as the classifier.

2.1 Gaussian Process as Binary Classifier

Consider a training set with 𝑁 samples: {(𝑥𝑖, 𝑦𝑖)}𝑁
𝑖=1, where 𝑥𝑖 ∈ ℝ𝑑 and 𝑦𝑖 =

±1. The joint probability of training data is calculated using Equation (11).
For test data 𝑥∗ with output 𝑦∗, the predictive distribution for any element
in the test set is a Gaussian joint distribution over 𝑛 training samples and 1
test sample. The core idea of Gaussian classification involves setting a latent
function 𝑓(𝑥) and using a logistic function 𝜋(⋅) to incorporate prior knowledge,
outputting class probabilities in the interval [0, 1]. Prediction involves two steps:
first, computing the latent variable distribution for the test set (Equation 14);
then, calculating the probability prediction using the latent variable distribution
(Equation 15).

Treating Gaussian processes as binary classifiers results in a non-Gaussian like-
lihood function 𝑝(𝑦|𝑓), causing the posterior 𝑝(𝑓|𝑋, 𝑦) to also be non-Gaussian
and preventing analytical computation of 𝑝(𝑦∗|𝑋, 𝑦, 𝑥∗). Therefore, the Laplace
approximation is applied to approximate the posterior 𝑝(𝑓|𝑋, 𝑦) as Gaussian,
yielding:

𝑞(𝑓|𝑋, 𝑦) = 𝒩(𝑓| ̂𝑓, (𝐾−1 + 𝑊)−1)

where ̂𝑓 = arg max𝑓 𝑝(𝑓|𝑋, 𝑦) and 𝑊 = −∇∇ log 𝑝(𝑦|𝑓)|𝑓= ̂𝑓 .

2.1.1 Gaussian Process Kernel Function As a kernel method, Gaussian
process performance is entirely determined by its kernel function. Current re-
search focuses on kernels such as the squared exponential kernel, Gibbs kernel,
and deep kernel [17]. However, these methods only suit small training samples,
have limited extrapolation ability, and incur high computational costs: 𝒪(𝑛3)
for training, 𝒪(𝑛2) for storage, and 𝒪(𝑛2) for prediction. To address these lim-
itations, this paper employs a spectral mixture kernel for face verification with
Gaussian processes. Experiments demonstrate that this kernel effectively dis-
covers face patterns with strong extrapolation capabilities, performing well in
natural scene face verification. Its simple closed-form enables direct analysis
and inference, with the simplified form:

𝑘𝑆𝑀(𝑥, 𝑥′|𝜃) =
𝑄

∑
𝑞=1

𝑤𝑞
𝐷

∏
𝑑=1

exp(−2𝜋2𝜎2
𝑞,𝑑(𝑥𝑑 − 𝑥′

𝑑)2) cos(2𝜋𝜇𝑞,𝑑(𝑥𝑑 − 𝑥′
𝑑))
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Literature [18] indicates this kernel encompasses many stationary kernels and
can approximate them with arbitrary precision. Training on the Multi-PIE
database and comparing with traditional kernels (Figure 7) shows that the
spectral mixture kernel achieves higher accuracy at the same false alarm rate,
validating its effectiveness.

3 Experiments and Analysis
The experimental platform uses an Intel Core i5 processor at 2.70GHz with
12GB memory. C++ programming with OpenCV 2.4.9 is used for image pre-
processing. Three face databases are employed: LFW, FERET, and Multi-PIE
(partial). LFW contains 13,233 faces from 5,750 individuals in unconstrained
settings, encompassing variations in pose, expression, age, gender, hairstyle,
and other parameters, making it the most challenging standard face database
in academia. It is used for testing in this paper. FERET comprises 21,833
grayscale faces of 1,040 individuals under the same scene with different lighting
conditions, including various poses and expressions, making it one of the most
widely used face databases. Multi-PIE contains 750,000 faces of 337 individuals
under different poses, illuminations, and expressions in controlled environments.
Since the complete database is not publicly available, 20,000 faces are used for
model training.

3.1 Experimental Procedure

The face verification process is illustrated in Figure 8: (a) Learn gradient direc-
tions for each feature from the template database using the method in Section
2.1 and apply them for feature localization; (b) Extract features at localized
positions using the proposed adaptive scale method; (c) Compute feature simi-
larity using Euclidean distance; (d) Input similarity measures into the Gaussian
model to obtain classification results.

3.2 Experimental Results Analysis

This paper employs adaptive scales for feature extraction to achieve dimen-
sionality reduction, uses Gaussian processes as binary classifiers to significantly
reduce training samples, and replaces the squared exponential kernel with a
spectral mixture kernel to enhance extrapolation capability. Each component
is analyzed below.

3.2.1 Adaptive Scale Dimensionality Reduction Analysis Adaptive
scale extraction is compared with LE, LBP, SIFT, HOG, and Gabor algorithms
in terms of dimensionality and accuracy (Table 2). The adaptive scale algorithm
achieves a feature dimension of 1.5 × 105—equivalent to 1/4 of LE’s dimension
but with 6.2% higher accuracy, and 3/4 of Gabor’s dimension with 7.7% higher
accuracy. These results confirm that the adaptive scale method significantly
reduces feature dimensions without compromising accuracy.
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3.2.2 Gaussian Process Model Performance Analysis The Gaussian pro-
cess model is compared with existing binary classifiers: SVM, Logistic Regres-
sion (LR), and Adaboost (Table 3). Analysis shows that Gaussian processes
maintain accuracy above 98% across different training sets, while other clas-
sifiers exhibit lower overall accuracy and greater fluctuations when trained on
different datasets. This demonstrates that Gaussian process models can adapt
to various data distributions without dataset-specific parameter tuning.

3.2.3 Superiority of Spectral Mixture Kernel Function Replacing the
squared exponential kernel with a spectral mixture kernel enhances the Gaus-
sian process classifier’s extrapolation ability. To validate this advantage, mod-
els are trained on constrained-scenario faces from FERET and Multi-PIE and
tested on unconstrained LFW faces, then compared with the squared exponen-
tial kernel. Figures 9 and 10 show that the spectral mixture kernel achieves sig-
nificantly higher accuracy, demonstrating superior extrapolation performance—
models trained on constrained data perform well on natural-scenario test sets.
Additionally, Figure 11 presents results when LFW data is split into training
and testing sets, again showing the spectral mixture kernel’s significant ad-
vantage. Figure 12 illustrates the spectral mixture kernel’s performance across
different training and test data, confirming that models trained on either natural
or constrained scenarios achieve good test results.

Furthermore, Gaussian process models substantially reduce training samples
compared to mainstream deep learning face recognition algorithms (Table
4). With only 20K training samples, GP achieves 98.7% accuracy—matching
FaceNet’s accuracy but using approximately 25× fewer data (FaceNet uses
494K). Compared to DeepID, OpenFace, and DeepFace, GP achieves slightly
higher accuracy while dramatically reducing training samples.

4 Conclusion
Experimental validation and analysis lead to the following conclusions: (a) The
proposed adaptive multi-scale algorithm extracts facial features adaptively ac-
cording to the non-uniform distribution of facial information, significantly re-
ducing dimensions compared to traditional methods; (b) The Gaussian pro-
cess model leverages its non-parametric stochastic process characteristics, auto-
matically adapting to different training data without parameter modifications,
thereby reducing training samples while enhancing system robustness; (c) The
spectral mixture kernel improves extrapolation performance over traditional ra-
dial basis functions, enabling models trained on constrained-scenario faces to
achieve high accuracy on natural-scenario test sets.

The proposed face verification algorithm significantly improves training
speed and testing speed while requiring fewer training samples and no
platform/framework dependencies, facilitating deployment and migration.
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